McGregor HR, Gribble PL. Changes in visual and sensory-motor resting-state functional connectivity support motor learning by observing. Motor learning occurs not only through direct first-hand experience but also through observation (Mattar AA, Gribble PL. Neuron 46: 153-160, 2005). When observing the actions of others, we activate many of the same brain regions involved in performing those actions ourselves (Malfait N, Here we used a force field learning paradigm coupled with restingstate fMRI to investigate the brain areas involved in motor learning by observing. We examined changes in resting-state functional connectivity (FC) after an observational learning task and found a network consisting of V5/MT, cerebellum, and primary motor and somatosensory cortices in which changes in FC were correlated with the amount of motor learning achieved through observation, as assessed behaviorally after resting-state fMRI scans. The observed FC changes in this network are not due to visual attention to motion or observation of movement errors but rather are specifically linked to motor learning. These results support the idea that brain networks linking action observation and motor control also facilitate motor learning.
human; motor learning; observation; mirror neuron; resting-state fMRI OUR CAPACITY FOR INTERACTING with the world depends on our facility for dexterous movement and the expansion of our motor repertoire through learning. How the brain achieves motor learning remains an important unresolved question and a problem of significant clinical importance, as many neurological conditions affect movement. Here we examine how action observation facilitates motor learning through functional plasticity in sensory and motor brain areas.
Motor learning is commonly studied with laboratory tasks in which subjects learn to adapt movements to counteract experimentally imposed changes in sensory feedback (Ghahramani et al. 1996) or mechanical perturbations (Shadmehr and Mussa-Ivaldi 1994) . Outside the laboratory, however, motor learning typically begins quite differently, often by observing a tutor. In human development, infant speech perception and speech motor learning are guided by visual and auditory observation of a caregiver's speech (Goldstein et al. 2003; Kuhl 2004; Kuhl et al. 1992) . Observation also facilitates motor learning in adults. Mattar and Gribble (2005) showed that complex muscle force patterns can be learned by observing a tutor learning to reach in a novel force field (FF) environment. Subjects observed a tutor learning to perform straight reaches in a novel FF environment. Those subjects who were subsequently exposed to the same FF environment they had observed showed a performance benefit, executing straighter movements compared with nonobserving control subjects. Conversely, those subjects who were subsequently exposed to a different (opposite) FF environment than they had observed showed a significant disadvantage, performing more curved movements compared with the nonobserving control subjects (Mattar and Gribble 2005) . These findings demonstrated that subjects had acquired representations of the observed dynamical environment.
The ability to learn about forces through observation is very interesting, since the observer cannot see the FF environment directly but only its consequences on the tutor's movements. Thus the observer only has access to visual information about the tutor's movement kinematics. To achieve motor learning, the brain must transform the visual information about the tutor's movements into the motor domain so as to allow the motor system to acquire a representation of the novel environment and the required changes to subsequent muscle force patterns.
A potential neural basis for the link between action and observation has emerged from the discovery of so-called mirror neurons in the premotor and parietal cortices of the macaque. These cells discharge while a monkey performs specific goal-directed actions and also while the animal observes another individual performing the same actions (di Pellegrino et al. 1992; Gallese et al. 1996; Rizzolatti et al. 1996) . Neuroimaging studies support the idea that a similar system exists in the human brain (Buccino et al. 2001; Frey and Gerry 2006; Gallese et al. 2004 ). This putative human mirror neuron system is part of a broader action observation network (AON) including supplementary motor area (SMA), premotor, primary motor (M1) and primary somatosensory (S1) cortices, superior parietal lobule (SPL), and middle temporal visual area (V5/ MT) (Caspers et al. 2010) .
The functional role of the AON has been examined in prediction (Prinz 1997 (Prinz , 2006 , action understanding Rizzolatti and Fadiga 1998) , and inferring action intentions (Gallese et al. 2004; Gallese and Goldman 1998) , but surprisingly little work has addressed its potential role in motor learning (Buccino et al. 2004; Cross et al. 2009; Higuchi et al. 2012; Stefan et al. 2005) .
Here we tested the hypothesis that brain areas linking observation and action are also involved in motor learning through observation. We used resting-state fMRI to examine functional connectivity (FC) before and after subjects observed a tutor learning to reach in a novel FF imposed by a robot arm. We describe a network involving visual area V5/MT, cerebellum, M1, and S1 in which changes in FC were correlated with subsequent behavioral measures of motor learning achieved through observation. Importantly, in a follow-up experiment we show that these FC changes are not explained by visual attention to motion or observation of movement errors but rather are specifically related to motor learning by observing. This network thus provides a neural basis by which visual information about the actions of others is propagated to sensory-motor circuits for learning.
MATERIALS AND METHODS
Subjects. Thirty healthy subjects participated in this study: 15 in the learning group in experiment 1 [6 men, 9 women; mean age 22.87 Ϯ 1.02 (SE) yr] and 15 in the control group in experiment 2 [6 men, 9 women; mean age 22.53 Ϯ 0.86 (SE) yr]. All subjects were right handed and naive to FFs, had normal or corrected-to-normal vision, and reported no neurological or musculoskeletal disorders. Informed consent was obtained from all subjects before participation in procedures approved by the University of Western Ontario's Research Ethics Board.
Apparatus. Subjects sat at a custom tabletop and grasped the handle of a two-degree of freedom (DOF) robotic arm (IMT2, Interactive Motion Technologies) with their right hand ( Fig. 1 ). An air sled was placed under the right arm to support the arm against gravity and reduce friction with the tabletop surface during the performance of reaching movements. The height of the chair was adjusted such that the subject's right arm (secured on the air sled) was abducted 90°from the sagittal plane. The reaching task involved guiding the robot handle in a reaching movement to a visual target in the horizontal plane. A semisilvered mirror was mounted horizontally just above the robotic handle. An LCD monitor projected visual feedback onto the semisilvered mirror, including the start position (20-mm blue circle), the target (20-mm white circle), and a cursor representing hand position (12-mm pink circle) during the reaching task. Vision of the robotic arm and the subject's arm was occluded below the semisilvered mirror.
Subjects were instructed to perform reaching movements toward a single visual target while holding the handle of the robot arm. The target was located 15 cm in front of the start position along the sagittal plane. We instructed subjects to move directly to the target in a straight line without corrective movements. Upon the completion of each reach, the target changed color to provide visual feedback regarding movement duration. The target disappeared if the movement was within the desired time (500 Ϯ 50 ms), turned red if the movement was too fast, or turned green if the movement was too slow. These criteria were used to keep movement speed consistent and were not used to exclude trials. After feedback, the robot returned the subject's hand to the start position along a straight trajectory.
The robot was programmed to alter limb dynamics through the application of force on the subject's hand during movements. The robot applied a clockwise FF to deflect the hand rightward (right FF) or a counterclockwise FF to deflect the limb leftward (left FF). Velocity-dependent FFs were applied according to the following equation:
where x and y are lateral and sagittal directions, F x and F y are the commanded forces, v x and v y are hand velocities, k ϭ 14 Ns/m, and d ϭ ϩ1 (right FF) or Ϫ1 (left FF).
Reaching video stimuli. Video stimuli showed a top-down view of a tutor reaching to a single target while holding the robotic arm with the right hand. Two video recordings were made, one in which a tutor learned to reach in a left FF and a second in which a different tutor reached in a random FF. Neither tutor had any previous experience reaching in a FF. A recording of the start position, target, and cursor was superimposed onto each video of the tutors' arm movements with Final Cut Pro 10 (Apple). A learning video was created that depicted the tutor performing 200 reaches as the robot applied a left FF (duration: 15 min). This video was made with three 30-s video clips from the left FF recording, each showing the typical progression from curved to straight movements during FF learning. The control video showed the tutor performing 200 reaches as the robot applied a FF that varied pseudorandomly from trial to trial between a left, right, or null FF (duration: 15 min). The three 30-s clips used in this video thus showed movements that varied in their curvature but lacked the orderly progression from curved to straight movements depicted in the learning video. Maximum movement curvature was comparable between the learning and control videos. However, while the tutor in the learning video clips showed progressively decreasing movement curvature, the tutor in the control video clips showed consistently curved movements. A random force environment cannot be learned (Takahashi et al. 2001) , and so the control video was used to test for changes in FC that may arise because of nonlearning factors such as visual attention to motion or observation of movement errors. Video clips were randomly ordered to create each video.
Experiment 1 design. Subjects (n ϭ 15) participated in three sessions, each held on one of three consecutive days ( Fig. 2A ). On day 0, subjects were familiarized with the robotic arm and performed 50 practice reaching trials in a null field, in which the robot did not apply Fig. 1 . Reaching task experimental setup. Subjects grasped the handle of a robotic arm with the right hand. A horizontal semisilvered mirror was mounted just above the robot handle. An LCD monitor (not shown) projected visual feedback onto the semisilvered mirror surface during the reaching task.
force to the hand. Data from day 0 were not analyzed and have not been shown in Fig. 2A . The day 1 and day 2 sessions were held at the same time on each day. On day 1, we acquired baseline measures. First, subjects performed 200 reaching trials in a null field to allow us to assess baseline movement curvature. Next, subjects walked to the imaging facility and underwent a baseline fMRI scan session. During the day 1 fMRI scan session (detailed description below), we measured baseline resting-state FC. The scan session began ϳ20 min after completion of the reaching task and lasted 60 min. On day 2, subjects watched the video of the tutor learning to reach in a left FF ( Fig. 2B ) in the laboratory. Participants were seated in front of the robotic arm, and the LCD monitor projected the video onto the semisilvered mirror. While watching the video, subjects sat still with both arms resting on the tabletop (not holding the handle of the robot arm). We instructed subjects to count the total number of times the tutor in the video performed a reach at the desired speed (indicated by the target disappearing). Subjects reported the final tally to the experimenter at the end of the video. This was done to assess whether subjects were paying attention to the video. Tallies from subjects in the learning group are reported below in terms of accuracy. These data were not incorporated into behavioral or neuroimaging analyses. Next, subjects walked to the imaging facility and underwent a second fMRI scan session, which used the same protocol as on day 1. During the day 2 fMRI scan session, we again measured resting-state FC. This allowed us to assess how resting-state FC changed from baseline (day 1) to after observation (day 2). Finally, subjects walked back to the laboratory for a behavioral motor learning test. For the motor learning test, subjects performed 100 reaching movements while the robotic arm applied a rightward FF (test FF). This allowed us to assess the extent to which the learning and retention of the observed (left) FF interfered with performance in the opposite (right) test FF.
As has been used by Vahdat and colleagues (2011) , Cothros and colleagues (2006) , and Mattar and Gribble (2005) , the direction of the test FF (right) was chosen to be opposite to the direction of the FF that acted on the tutor in the learning video (left). A hallmark of motor adaptation is the presence of aftereffects, that is, the continued use of a learned behavior when the environment is unexpectedly changed. For example, subjects who have learned to reach in a left FF have acquired a representation of the novel environment and the muscle force pattern required to counteract the applied leftward force by compensating rightward. Subjects continue to use the learned muscle force pattern even when the force environment is changed. For example, if the force environment was removed (null field), subjects' movements would initially be curved to the right (e.g., Shadmehr and Mussa-Ivaldi 1994) . Aftereffects are particularly pronounced if the force environment changes such that it is the opposite of the learned (left) FF. When exposed to the right FF, the subject would compensate rightward (persistence of the learned muscle force pattern) in addition to being pushed rightward by the robotic arm. Thus those subjects who better learned the muscle force pattern required to perform straight reaches in the left FF would execute worse, more curved movements in the opposite (right) FF. In the present study, greater learning and retention of the observed left FF would bring about greater movement curvature when exposed to the right FF during the motor learning test (Brown et al. 2009; Cothros et al. 2006) .
Experiment 2 design. We conducted a follow-up experiment to assess the extent to which the functional changes in the network identified in experiment 1 were specifically related to observational motor learning as opposed to other factors unrelated to learning, specifically visual attention to motion or observation of movement errors. A different group of naive subjects (n ϭ 15) participated in experiment 2. As shown in Fig. 3A , the day 1 protocol was identical for both experiments 1 and 2. On day 2, control subjects watched the control video showing the tutor performing reaches in an unlearnable FF that randomly varied from trial to trial between a left, right, or null FF ( Fig. 3B ). Therefore, similar to the learning group, the control subjects observed movement errors and attended to visual motion while watching the video of the tutor. The critical difference was that the control subjects did not observe the tutor learning. As with the learning group, the control subjects observed the video of the tutor's movements in the laboratory while sitting in front of the robotic arm. Similarly, control subjects were instructed to count the number of times the tutor in the control video performed a reach at the correct speed (indicated by the white target disappearing) and to report the final tally to the experimenter. This was done as a check to verify that control subjects also paid attention to the video of the tutor's movements. Tallies from the control subjects are also reported below in terms of accuracy. These data were not incorporated into behavioral or neuroimaging analyses. As in experiment 1, control subjects underwent a second resting-state fMRI scan and a motor learning test (reaches in a right FF) after observation of the video of the tutor's movement (Fig. 3A) . In summary, the control experiment used the same experimental design as experiment 1, with the only exception that control subjects observed a tutor performing reaching movements with similar amounts of curvature as depicted in the learning video but not motor learning.
fMRI image acquisition. During each 1-h fMRI scan session, subjects underwent two 8-min resting-state scans under the instruction to remain awake with their eyes closed. The two resting-state runs were separated by a 5-min-long anatomical scan. During the anatom- ical scan, subjects were instructed to remain awake with their eyes open and fixate on a cross hair. Subjects then performed two 6-min functional localizer tasks. The localizer tasks were designed to allow us to determine the coordinates of 10 a priori-selected regions of interest (ROIs; see below) for use in the FC analyses described below. The AON localizer task consisted of interleaved blocks of viewing intact and scrambled video clips of a tutor performing reaches while holding the robotic arm (ten 36-s blocks). Intact video clips showed a top-down view of a tutor performing straight reaching movements in a null FF. For the baseline condition the video clips were scrambled, with only the start position and target remaining in their original locations. This approach preserved the low-level motion-related features of the visual image such as movement direction and velocity while disrupting the details of the movement such as shoulder and elbow joint rotations and hand path curvature (Malfait et al. 2010) . During observation of the AON localizer video, all subjects were instructed to count the total number of times the target disappeared and report it to the experimenter at the end of the video. This was done as a check to make sure each subject paid attention to the AON localizer video. Subjects' reported tallies were not incorporated into the behavioral or neuroimaging analyses.
The motor localizer task consisted of interleaved blocks of arm movement and rest (ten 36-s blocks). During movement blocks, subjects slowly moved their right forearm along the frontal plane in a cyclic manner (90°elbow flexion). Movements were paced at a frequency of 0.1 Hz with color-coded visual cues.
Neuroimaging data were acquired with a 3-T Siemens Magnetom Tim Trio imaging system with a 32-channel head coil. Whole-brain functional data were acquired with a T2*-weighted EPI sequence (TR ϭ 3,000 ms, TE ϭ 30 ms, flip angle ϭ 90°, 3-mm isotropic voxels, 80 ϫ 80 ϫ 50 matrix, iPAT acceleration factor ϭ 2). The T1-weighted anatomical images were collected with a MPRAGE sequence (TR ϭ 2,300 ms, TE ϭ 2.98 ms, flip angle ϭ 9°, 1-mm isotropic voxels, 192 ϫ 240 ϫ 256 matrix). For each scanning session a field map was acquired with a gradient echo sequence (TR ϭ 531 ms, TE ϭ 4.92 ms/7.38 ms, flip angle ϭ 60°, 3-mm isotropic voxels, 80 ϫ 80 ϫ 50 matrix).
Behavioral data analysis. The robot handle position, velocity, and applied force were sampled at 600 Hz. The position data were low-pass filtered at 40 Hz. The start and end of each trial were defined as the position at which the hand's velocity increased above and decreased below 5% of the peak velocity, respectively. Movement curvature was calculated for each trial as the maximum perpendicular deviation of the hand (PD) relative to a straight line connecting the start position and reaching target (Mattar and Gribble 2005) . Motor learning was assessed after the day 2 fMRI scan session, ϳ80 min after subjects watched the reaching video. A motor learning score was calculated for each subject as the mean PD of the first 3 trials in the test FF relative to the mean PD of the last 50 trials in the null FF. In this way, we were able to quantify the extent to which the learning and retention of the observed FF interfered with each subject's subsequent performance in the (right) test FF. We also assessed movement curvature throughout the entire motor learning test. Individual PD scores were averaged over 10-trial blocks, and group means were compared with analysis of variance and Bonferroni-corrected post hoc tests.
fMRI image preprocessing. Neuroimaging data analyses were performed with FSL version 5.0.4 (FMRIB's Software Library, www. fmrib.ox.ac.uk/fsl). Image preprocessing consisted of the removal of the first 2 volumes in each functional run, slice-timing correction, motion correction, nonbrain tissue removal, spatial smoothing using a 6-mm FWHM Gaussian kernel, and high-pass temporal filtering (100 s). Field map distortion correction and linear coregistration of functional and anatomical images were performed with boundary-based registration (BBR) in FLIRT. Images were transformed into standard space (MNI's 152-brain T1 template, 2-mm isotropic voxel size) with a 12-DOF linear registration.
fMRI regions of interest. We selected 10 a priori ROIs involved in action observation and/or motor learning (see Table 1 ). These regions included left SMA, dorsal premotor cortex (PMd), ventral premotor cortex (PMv), M1, S1, V5/MT, SPL, inferior parietal lobule (IPL), putamen (BG), and right cerebellum (CB). ROI coordinates were determined with the data acquired during the independent functional localizer tasks. While the localizer tasks were performed after the resting-state scans on both days, the seed region coordinates were defined with only the data collected from the localizer tasks performed during the day 1 (baseline) scan session. This was done to ensure that the data used to define seed regions were based on scans following identical experiences of the two groups. If we had also included day 2 scans to define seed regions, the BOLD response evoked by the localizer tasks might have differed across groups due to each group having observed a different video at the beginning of day 2 (learning vs. control).
The task-induced response for each localizer was assessed with a per-subject GLM. All 30 subjects were then included in a mixedeffects analysis of the localizer tasks (cluster threshold of Z Ͼ 2.3, P Ͻ 0.05). The 10 brain regions listed above were identified in the resulting Z map with the Jülich histological (cyto-and myelo-archi- tectonic) atlas (Eickhoff et al. 2005) , the Harvard-Oxford subcortical structural atlas (Desikan et al. 2006) , or the probabilistic cerebellar atlas (Diedrichsen et al. 2009 ). Within each of the 10 brain regions, the ROI coordinate was chosen as the peak voxel (Table 1) . ROIs included all voxels within a 6-mm-radius sphere centered on the activation peaks. The same standard (MNI) space seed coordinates were used for both groups. Functional connectivity analysis. The FC analysis was performed on both resting-state runs acquired on day 1 and both resting-state runs acquired on day 2. The ultimate goal of the analysis was to estimate how FC on day 2, after observation of learning, differs from baseline FC on day 1. Each preprocessed resting-state run was band-pass filtered, preserving frequencies between 0.01 and 0.1 Hz, within which resting-state activity is observed (Biswal et al. 1995; Damoiseaux et al. 2006) . Intensity normalization was performed by scaling the mean value of each run to 10,000 to factor out global intensity differences between resting-state runs. Seed-based correlation analyses were then carried out for each subject to assess FC between each seed ROI and the rest of the brain. The mean time series from each ROI was used as a predictor in a whole-brain regression analysis implemented in FILM (FMRIB's Improved General Linear Model). The following signals were included in the model as nuisance regressors: the temporal derivative of the ROI signal, six rigid body motion parameters obtained from motion correction, mean global signal, mean white matter signal, and mean CSF signal. All signals were band-pass filtered (0.01-0.1 Hz) prior to nuisance regression.
The resulting contrast images were entered into a mixed-effects model (FLAME) for each group. In this analysis, the binary GLM predictor modeling the change in FC from day 1 to day 2 was weighted by each subject's respective motor learning score (Vahdat et al. 2011) . In this way, the resulting change in FC can be linked to the behavioral measure of motor learning. The predictor of interest reflecting subject behavior was orthogonalized with respect to regressors modeling each subject's overall mean. Corrections for multiple comparisons were carried out at the cluster level (Z Ͼ 2.6, cluster significance: P Ͻ 0.05, corrected for familywise error with Gaussian random field theory). We further applied a Bonferroni correction for the number of ROIs examined; thus reported clusters are those that survived a size threshold of P Ͻ 0.005 (i.e., P Ͻ 0.05/10 ROIs). These analyses yielded Z score maps reflecting networks whose changes in FC from day 1 to day 2 were related to our behavioral measure of motor learning achieved. FC was defined as the temporal correlation (Fisher Z-transformed correlation coefficients) between the seed region time course and the average time course of target clusters.
RESULTS
Experiment 1: motor learning by observing. Observing the tutor learning a left FF affected subjects' subsequent motor behavior in the final test FF. Subjects who observed left FF learning performed significantly worse (i.e., more curved) movements when they later encountered the test (right) FF compared with control subjects who observed similar curved movements in an unlearnable random FF (experiment 2). The learning group's poorer performance in the test FF is indicative of proactive interference due to learning of the observed left FF (Brown et al. 2009; Cothros et al. 2006) . Figure 4A shows typical hand trajectories corresponding to the first movement in the test FF for representative subjects in each group. The behavioral difference between groups is indicated by reliably higher motor learning scores for the learning group [ Fig. 4B ; t(28) ϭ 2.58, P Ͻ 0.01]. Figure 4C shows mean movement curvature (PD) over the entire motor learning test, averaged over 10 trial blocks. Movements in the test FF were initially highly curved to the right but subsequently decreased in curvature over the course of trial blocks. While both groups reduced trajectory curvature in the test FF as a function of trial block, the pattern of the decrease depended on the FF that was previously observed [F(9,252) ϭ 2.39, P Ͻ 0.05, Greenhouse-Geisser corrected]. This behavioral difference was seen in the first block of the test FF movements, during which subjects who had observed left FF learning exhibited 40% greater trajectory curvature than control subjects [t (28) learning studies (Bernardi et al. 2013; Brown et al. 2009; Mattar and Gribble 2005; Williams and Gribble 2012) .
To investigate brain areas involved in motor learning by observing, we examined postobservation changes in FC (day 2 vs. day 1) involving our functionally defined ROIs (Table 1) that were related to subjects' respective motor learning scores (as assessed after the final resting-state scan on day 2). In this way, we sought to identify functional networks associated with the amount of motor learning achieved through observation.
These analyses yielded statistically reliable results only for our ROI in left V5/MT. Left V5/MT, an area involved in visual motion perception (Watson et al. 1993; Zeki et al. 1991) , was the most highly activated region during our AON localizer task. Figure 5 shows target clusters that exhibited FC changes with left V5/MT that were related to motor learning scores. Figure 5 , top, shows that left V5/MT exhibited decreased FC with a cluster in left cerebellar cortex (lobule VI and Crus I) after observation of left FF learning; as shown on the bar graph, the negative correlation between V5/MT and cerebellum on day 1 approached zero on day 2 after observation of FF learning. In Fig. 5, top right, we have presented the relationship between behavioral motor learning scores, used as regressors of interest in our FC analysis, and the changes in FC to further illustrate how subjects with higher motor learning scores exhibited greater decreases in FC between V5/MT and cerebellum. The nonindependence of this particular correlation may inflate the effect size; thus we have presented this analysis as a sanity check for illustrative purposes, not as the basis for inference (Poldrack and Mumford 2009) . It is worth noting that while the FC between V5/MT and cerebellum decreased from day 1 to day 2, the scatterplot shows a positive correlation. This is due to the subtraction of negative (day 1) FC values from near-zero (day 2) FC values, yielding positive FC changes (day 1 and day 2 FC values are shown in Fig. 6 ). Figure 5 , bottom, shows that left V5/MT also exhibited decreased FC with a cluster spanning left M1 and left S1; the bar graph shows that the positive correlation between V5/MT, M1 and S1 on day 1 approached zero on day 2 after observation. The scatterplot presents the relationship between behavioral motor learning scores and decreases in FC between V5/MT, M1 and S1, again illustrating that those subjects who achieved greater motor learning through observation exhibited greater FC decreases. Subjectwise FC values on day 1 (baseline) and day 2 (after observation) are shown in Fig. 6 . Anatomical labels and local Z value maxima for each cluster are reported in Table 2 .
Experiment 2: control observation. To examine the extent to which the changes in the identified functional network are specifically related to motor learning by observing, we conducted a follow-up experiment in which subjects observed a tutor reaching in an unlearnable random FF.
During the motor learning test, control subjects' movements were significantly less curved upon initial exposure to the (right) test FF compared with those subjects who observed FF learning (Fig. 4) , indicating less learning and retention of the Fig. 5 . Changes in resting-state functional connectivity (FC) from day 1 (baseline) to day 2 (after observation) related to motor learning scores. In the learning group, the region of interest (ROI) in V5/MT (inset at left) exhibited decreased FC with the cerebellum (top) and also primary motor (M1) and primary somatosensory (S1) cortices (bottom; Z Ͼ 2.6, corrected for familywise error with Gaussian random field theory, P Ͻ 0.005). Bar graphs show that FC between left V5/MT and each cluster decreased from day 1 to day 2 such that FC approached zero after observation of left FF learning. Scatterplots further illustrate that the observed functional changes are indeed related to our behavioral measure of motor learning, as assessed during the motor learning test after the day 2 fMRI scan.
observed random FF. Similarly, their motor learning scores were reliably lower than subjects who observed left FF learning.
The FC analyses described above were also carried out for the control group. The same parameters were used for these analyses, including the same ROI coordinates. FC analyses for the control group yielded no statistically reliable clusters for the V5/MT seed region. To further explore these data, we repeated the group-level analysis using lower Z thresholds. No significant target clusters appeared for the V5/MT ROI until the threshold was lowered to Z Ͼ 2.2. Even at lower threshold levels, the clusters bear no resemblance to the learning group result (Fig. 7) . In sum, this indicates that the FC changes within the functional network observed in the learning group are not 6 . Subjectwise FC values on day 1 (baseline) and day 2 (after observation) for the learning group. Subjects are rank ordered along the x-axis according to increasing motor learning scores as indicated in parentheses. A: FC between V5/MT and cerebellum (CB) decreased from day 1 to day 2 such that subjects with higher motor learning scores showed greater decreases in FC (i.e., correlations approach 0). B: FC between V5/MT and M1 and S1 also decreased from day 1 to day 2 such that those subjects with higher motor learning scores exhibited greater decreases in FC (i.e., correlations approach 0). simply due to observing movement error or attending to visual motion but rather are specifically linked to motor learning.
Other controls. To ensure that subjects paid attention to the videos, we instructed them to count the total number of trials in which the tutor performed a reaching movement at the desired speed (indicated by the target disappearing). Reported values were highly accurate for both the learning and control groups, with mean accuracy scores of 95% and 98%, respectively.
During the motor learning test, the robotic arm applied the FF in a velocity-dependent manner. To ensure that the curvature differences of movements performed in the test FF were due to learning and not to differences in applied force to the hand, we compared movement time and peak tangential velocity (and hence peak force applied by the robot) for each movement block between the groups. No significant differences were observed (P Ͼ 0.05); thus applied forces to the hand did not differ between the groups during the motor learning test.
The motor learning scores were based on the maximum curvature (PD) of the first three test FF trials relative to (i.e., minus) baseline curvature in the null FF. To assess the robustness of our learning group result, we computed three additional motor learning scores: 1) PD of the first test FF trial relative to baseline curvature, 2) mean PD of the first two test FF trials relative to baseline curvature, and 3) mean PD of the first four test FF trials relative to baseline curvature. We repeated our group-level analysis for the V5/MT seed region, using each of these motor learning scores as the regressor of interest. Each of these analyses yielded clusters very similar to the learning group result presented in Fig. 5 .
We further explored the robustness of our learning group result across various parameters used in the neuroimaging preprocessing stage. We ran additional analyses using spatial smoothing kernels of 4 mm and 5 mm as well as seed region radii of 4 mm and 5 mm. Again, these analyses yielded results qualitatively similar to the learning group result presented in Fig. 5 .
DISCUSSION
Here we assessed changes in resting-state FC after subjects observed a tutor learning to reach in a novel FF. We revealed a novel functional network in which changes in FC were correlated with the amount of observational motor learning achieved, as assessed behaviorally after resting-state fMRI scans. We found that left V5/MT showed decreased FC with left cerebellum such that those subjects who learned more through observation exhibited greater decreases in FC. Left Fig. 7 . Changes in FC from day 1 (baseline) to day 2 (after observation) for the control group with respect to the ROI in left V5/MT. No significant clusters appeared when the group-level analysis was thresholded at Z Ͼ 2.6 (top). Clusters appeared only when the threshold was lowered to Z Ͼ 2.2 (middle). Even at lower threshold levels (bottom), the clusters that survive bear no resemblance to those clusters observed in the learning group. V5/MT also showed decreased FC with left M1 and left S1 such that those subjects who learned more through observation exhibited greater decreases in FC. Furthermore, in experiment 2 we showed that functional changes in the identified network are not seen in subjects who observed a tutor performing curved movements but not learning. Thus the patterns observed in the identified functional network are not the result of observing movement errors or attending to visual motion, but rather these FC changes are specifically related to motor learning through observation.
FC changes in the identified network may reflect a decoupling between visual and sensory-motor systems, as the visual information about the tutor's movements is transferred to the sensory-motor system for use in motor learning. Subjects who learned more from observation, as assessed by their subsequent motor performance, showed a greater disengagement between V5/MT and cerebellum and between V5/MT and M1 and S1. This visuo-motor decoupling may represent the transference of learning-related activity into motor regions such as cerebellum and sensory-motor cortex for the establishment of internal models of the observed FF (Diedrichsen et al. 2005; Imamizu et al. 2000; Nezafat et al. 2001; Vahdat et al. 2011) . Differences in the degree of visual and sensory-motor decoupling may thus reflect differences in the extent to which visual information about the tutor's movements is propagated into the motor domain and mapped onto the observer's own sensorymotor system. Decreases in FC from day 1 to day 2 were correlated with subsequent behavioral measures of motor learning achieved through observation. While decreases in FC are not as commonly reported in the literature as increases, they are not without precedent (e.g., Vahdat et al. 2014) . It is commonplace for resting-state fMRI studies to perform seed-based correlation analyses and report changes in FC after an experimental manipulation. However, if one does not examine the pre-and post-FC values, it cannot be ruled out that reported increases in FC may, in fact, be decreases in FC. As seen here, the subtraction of negative (day 1) FC values from near-zero (day 2) FC values yielded arithmetically positive FC changes. However, upon inspection of the day 1 and day 2 FC values, it is clear that the changes in FC actually correspond to decreases in FC (negative correlations approaching zero). One possible interpretation for this is that on day 1 sensory-motor brain regions and visual motion areas such as V5/MT were coactivated during the baseline null field movements and residual components of this activity were present during the subsequent (day 1) resting-state scan. On day 2, no active movements were completed prior to the resting-state scan; participants had only watched a tutor learning to reach in a FF prior to the day 2 fMRI scan session. Therefore, during the day 2 resting-state scan sensory-motor regions were not primed as strongly as on day 1, and so perhaps this is why correlations between visual and sensory-motor regions were weaker. However, the observed changes in FC reported here from day 1 to day 2 were reliably related to the degree of learning each participant achieved through observation, and this cannot be explained by differences in sensory-motor priming on day 1 vs. day 2. Furthermore, we did not detect such FC changes in the control group, and this group difference cannot be explained by differences in visual or sensory-motor priming on day 1 vs. day 2. The findings reported here represent a potential neural basis that specifically links observation of learning with sensorymotor plasticity and associated performance changes in motor learning.
Resting-state fMRI is a powerful technique for studying motor learning. Motor learning does not occur in isolation but rather is accompanied by changes in task performance such as changes in reaction time and decreased attentional demand (Poldrack 2000) . This poses a challenge for traditional taskbased fMRI studies of motor learning, which examine activation changes from prelearning to postlearning performance, because they are unable to distinguish those changes in activation that are due to learning from those changes due to differences in performance. Since resting-state fMRI is task free, it is exempt from such performance confounds and observed changes in activation can be directly attributed to learning.
The topographies of resting-state networks closely correspond to those functional networks activated during behavioral tasks (e.g., Fox et al. 2005) . Moreover, the coactivation of brain areas during active behavior can modulate subsequent resting-state activity. Task-induced changes in resting-state activity have been demonstrated between visual and frontoparietal attention areas after visual perceptual learning (Lewis et al. 2009 ), among fronto-parietal and cerebellar networks after visuomotor adaptation (Albert et al. 2009 ), and among premotor, motor, and cerebellar circuits after FF learning (Vahdat et al. 2011). There is considerable overlap between the functional network identified in the present study and brain areas involved in motor learning, namely, M1 (Grafton et al. 1992; Steele and Penhune 2010) and cerebellum (Flament et al. 1996; Imamizu et al. 2000; Vahdat et al. 2011 ). Vahdat and colleagues (2011) have previously examined changes in resting-state FC following FF learning achieved through physical practice using a very similar experimental design (though without a control group). Vahdat and colleagues reported postlearning changes in resting-state FC involving M1, SMA, and cerebellum that were reliably correlated with behavioral scores of active motor learning. Here we observed resting-state FC changes involving visual motion perception area V5/MT, M1, S1, and cerebellum that were related to behavioral scores of motor learning achieved through observation. Thus the present study and that of Vahdat and colleagues both indicate the involvement of M1 and cerebellum in motor learning achieved through either observation or physical practice, respectively. Engagement of these areas during motor learning has been interpreted as reflecting error detection and the execution of corrective movements (e.g., Steele and Penhune 2010) . In addition (and in contrast with the study by Vahdat and colleagues), the present study indicates that visual area V5/MT and somatosensory cortex are also engaged when motor learning occurs through observation.
A subset of the brain regions in the identified functional network is also common to the AON, namely, visual area V5/MT, S1, and M1 (Caspers et al. 2010 ). Moreover, some recent studies also suggest a role for the cerebellum in action observation (e.g., Calvo-Merino et al. 2006; Gazzola and Keysers 2009 ).
Resting-state networks strongly coincide with underlying structural connectivity. However, some brain regions can exhibit resting-state FC via indirect structural connections (Vincent et al. 2007 ). Many of the functional links between V5/MT, cerebellum, M1, and S1 identified in the present study likely arise from such indirect anatomical connections. Neuroanatomical studies have shown that middle temporal area V5/MT projects directly to the cerebellum via the pontine nuclei in the macaque (Ungerleider 1984) . V5/MT also projects to the posterior parietal cortex, which in turn relays input to the cerebellum via the pontine nuclei (Glickstein et al. 1980; Langer et al. 1985) . The posterior parietal cortex also sends input from V5/MT to S1 and indirectly to M1 (Tanné-Gariépy et al. 2002; Vogt and Pandya 1978) . These pathways are also reciprocally connected, with the cerebellum both projecting to and receiving input from the posterior parietal cortex and M1 via the thalamus (Dum and Strick 2003; Thach et al. 1992) . Consistent with previous anatomical studies, we observed that the cluster spanning M1 and S1 in the learning group indeed extended into the left posterior parietal cortex (SPL area 5L) when the Z threshold was lowered to 2.2 ( Fig. 8) .
Neuroimaging studies of action observation and motor learning consistently report ipsilateral or bilateral patterns of cerebellar activity (e.g., Calvo-Merino et al. 2006; Flament et al. 1996; Gazzola and Keysers 2009; Vahdat et al. 2011) . In this context, it is perhaps surprising that we observed activation in the contralateral (i.e., left) cerebellar hemisphere in the present study. To further explore the changes in cerebellar activation in our learning group, we tested the sensitivity of the observed pattern of cerebellar FC changes to the chosen statistical threshold. When the Z threshold was lowered to Z Ͼ 2.5, we observed a target cluster in Crus I of the right medial cerebellar hemisphere that showed reliable changes in FC with the V5/MT seed region (Fig. 8) .
A functional link between V5/MT and cerebellum has been previously implicated in visual attention to motion. Kellerman and colleagues (2012) showed that effective connectivity between cerebellum (Crus I) and V5/MT was enhanced while subjects attended to moving bars compared with passive fixation. It may be argued that the FC changes between V5/MT and cerebellum observed in the present study may be driven by visual attention to motion. However, the control group showed no FC changes between V5/MT and cerebellum after their observation of the tutor's movement. It is unlikely that visual attention to the tutor's movement, a feature common to both groups, would be the cause of FC changes between V5/MT and cerebellum in the learning group only.
The identified network consisting of V5/MT, cerebellum, M1, and S1 represents a link between visual systems for motion perception and sensory-motor circuits for motor learning. This network may form the basis by which visual information about the movements of others influences sensorymotor circuits for learning to form new motor representations of novel motor skills.
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